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Abstract: In recent years, the development trend of artificial intelligence is getting better and better. It has been widely used 

not only in the fields of big data analysis, automobile automatic driving, intelligent robot and face recognition, but also in various 

fields of oil and gas industry. Oil and gas production prediction is an important part of reservoir engineering, which is very 

important for the future production and development of strata, and can give developers some development suggestions. At present, 

the methods used in oil and gas production prediction are mainly traditional means such as numerical simulation and history 

matching. With the application of artificial intelligence in various fields of oil and gas industry, the use of machine learning 

models for oil and gas production prediction has become the direction of development and research. This paper summarizes the 

basic process and main technical means of applying machine learning model to predict oil and gas production by investigating 

the research of domestic and foreign scholars on artificial intelligence in oil and gas production prediction in recent years. It 

provides ideas and lays a foundation for future researchers to study this aspect, and also contributes to the development of smart 

oil fields in the future. 
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1. Introduction 

With the advent and development of the information age, 

the combination of artificial intelligence and big data with 

various industries has become a development trend. Also, in 

the oil industry, the combination of big data and artificial 

intelligence has gradually become a trend [1-3]. For example, 

in oil and gas exploration, artificial intelligence machine 

learning model is used to analyze logging data, identify 

terrain structure and classify lithology [4-5]. In drilling, 

artificial intelligence algorithm is used to optimize drilling 

data, predict downhole data and combine with other drilling 

parameters to improve drilling efficiency [6-7]. In terms of oil 

and gas development, artificial intelligence is used to predict 

the formation fracture pressure and analyze the main 

controlling factors of oil and gas production [8-9]. In the field 

of reservoir engineering, machine learning algorithms are 

used to predict oil and water distribution [10] and oil and gas 

production. In other areas of oil and gas such as the economy, 

there are also a wide range of applications, such as dynamic 

forecasting of oil prices [11]. 

At present, most of the methods used to predict oil and gas 

production are traditional methods, such as history matching, 

numerical simulation and decline curve analysis. These 

traditional methods not only consume energy, but also have 

some disadvantages. The first is the acquisition of data. The 

traditional method has high requirements for data. When 

using the traditional method to predict the yield, all the 

parameters required by the method need to be obtained first, 

and the data processing method is insufficient. The data 

cannot be analyzed in detail and the parameters can be 

screened to a certain extent. Especially for the well site with 

very complex geological conditions, the data are numerous 

and messy. If the data processing is not done well, the 

accuracy of the model prediction will be greatly affected. The 

second problem is that after a certain period of production, the 

data changes greatly and the output fluctuates greatly. The 

traditional method cannot obtain new data and new trend 

information for fitting prediction. The most important 

problem is that the traditional prediction method cannot 

analyze the prediction results, cannot analyze the influencing 

factors of production, and cannot give the follow-up 

development opinions of production developers through data 

analysis. 

In order to solve or optimize these problems, researchers 

began to use machine learning in artificial intelligence to 

predict oil and gas production. Compared with traditional 

methods, artificial intelligence has great advantages. First, 

there are many data processing methods that can greatly 

optimize the collected data, and some parameters that cannot 

be learned by the model can also be redefined as new 

parameters. Secondly, the model learning ability is strong, the 

analysis ability of nonlinear data is strong, and the good 

model can accurately learn and predict the trend of data 

transformation. There are also many analysis methods. After 

the results are obtained, a series of visual processing can be 

performed on the results, the influencing factors can be 

analyzed, and the developer 's subsequent development 

opinions can be given to optimize the cost savings. 

2. The Basic Process and Technical 
Means of Oil and Gas Production 
Prediction Based on Machine 
Learning 

At present, using machine learning to predict oil and gas 

production is mainly two aspects. One is to make static 

prediction, that is, using geological features or engineering 

features as input of the model to predict the cumulative 

production of oil and gas or some indicators that can 

characterize oil and gas production[12-18]; the second is to 

carry out dynamic prediction, that is, not only using 

geological features or engineering features as the input of the 

model, but also setting the time step, taking the historical 

yield trend with time series as the feature, to carry out 

dynamic yield simulation[19-28]. Through the investigation 
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of the above two applications, the basic process and technical 

means of oil and gas production prediction based on machine 

learning are summarized. 

2.1. Data Collection 

Data collection is the basis for modeling, so accurate data 

is crucial for model training and prediction. One of the 

methods of collecting data is to collect the data of the actual 

oil and gas field, which is more in line with the actual 

production and can better reflect the role of machine learning 

in oil and gas prediction. Another method of data collection is 

to numerically simulate the geology and production of oil and 

gas fields, and obtain data through simulation. Such data 

errors are relatively small, and the model can be better trained 

and predicted. 

2.2. Data Processing 

After the data is collected, the data needs to be processed, 

so that the data can be more accurate and complete, and the 

model can be predicted quickly and accurately. There are 

several kinds of data processing:  

1)Data cleaning  

The actual collected data is often vacant or error due to 

human reasons, and the collection of some data is difficult. 

Therefore, the data is cleaned up, such as the processing of 

vacancy values and noise data, so as to obtain data more 

suitable for the model. Vacancy data processing is to fill the 

vacant data or directly abandon the vacant data. Noise 

processing is to smooth the data and reduce the influence of 

noise data on model prediction. 

2)Normalization 

For some models, the data need to be normalized, which 

can improve the convergence speed of the model. The two 

most commonly used methods are as follows  

i. linear normalization, which converts the data into the 

range of [ 0,1]. The formula is: 

min
norm

max min

X X
X

X X
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where the normalized data set is normX ，the original data 

set is X , the minimum value of the data set is minX , and 

the maximum value of the data set is maxX . 

ii. zero mean standardization, the original data set is 

normalized to a data set with a mean of 0 and a variance of 1. 

The formula is: 

=
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where the original data set is  , the method is  .  

3)Variable correlation processing 

We can visually view the correlation between features 

through visualization. For variables with large correlation, 

one or several variables can be discarded. If we are 

particularly familiar with the data set and understand the 

physical relationship between the parameters, we can perform 

manual screening to analyze the relationship between 

variables and reduce the number of parameters. We can also 

judge the correlation between variables by Pearson 

correlation coefficient. The range of the Pearson coefficient is 

between 0 and 1. When the Pearson coefficient is 0, there is 

no correlation between the two variables. When the Pearson 

coefficient is closer to 1, the correlation between the two 

variables is stronger. 

4)Other processing 

the number of parameters can be reduced according to the 

physical properties or formulas between data to improve the 

speed of the model. For example: the length and width of the 

rectangle, we can combine the two parameters into the 

perimeter or area of the rectangle. 

After processing the data, the data set is divided into 

training set and test set. Sometimes a validation set will be 

separated. 

2.3. Model Choice 

After data processing, we can choose the model according 

to the actual situation. At present, there are many kinds of 

commonly used models. After a lot of literature research, the 

following are summarized:  

Linear Regression, Support Vector Machine, Random 

Gradient Descent, K-nearest Neighbor, Ridge Regression, 

Extreme Random Forest, Gradient Boosting Tree, Random 

Forest, CatBoost, LGBM, Decision Tree and Neural Network 

Algorithm. The Neural Network Algorithm includes a variety 

of algorithms, such as BP Neural Network, Convolutional 

Neural Network, Long Short-term Memory Network and so 

on.  

Due to the uncertainty of data and the diversity of models, 

it is impossible to accurately determine which model the 

predicted data is suitable for. Therefore, multiple models 

should be trained at the same time when predicting, and then 

the predicted results should be compared to select the most 

suitable model. 

2.4. Model Training 

After the model is determined, we can use the divided 

training data set to train the model. During training, a crucial 

process is to optimize the hyperparameters of the model. The 

three main hyperparameter optimizations include the 

following four:  

1)Manual parameter adjustment 

Manual parameter adjustment is to input the parameters of 

the model directly. For people with a lot of model training 

experience, this method is a very accurate and fast tuning 

method. But for the experience is not enough or novice, this 

method is not practical, not only will waste a lot of energy, 

and even lead to the failure of training.  

2)Grid search  

Search all the values within the specified range to 

determine the optimal parameters. Because of its simplicity, 

this method is currently the most widely used method. If the 

search step is small and the search range is large, this method 

can easily locate the optimal hyperparameters, but it also 

consumes a lot of time and energy.  

3)Random search 

This method is essentially the same as grid search, which 

is to search within the scope. However, the difference is that 

random search does not search all the values in the search 

range as grid search, but randomly selects them. This method 

has a certain probability to select the optimal parameters in a 

wide range of search, but the results of this algorithm are 

uncertain. Usually, in the process of hyperparameter 

optimization, it is used as a fast version of grid search. Firstly, 

it is used to search, determine the approximate 

hyperparameter position, and then determine a certain range 

near its value, and then perform grid search. In this way, the 

combination of the two methods can accelerate the speed of 

searching hyperparameters.  
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4)Bayesian optimization 

This method is different from random search and grid 

search, which makes full use of the information searched 

previously. He can draw on the previous results to influence 

the subsequent optimization. It will first search according to 

the prior distribution, and then a new search, will use the 

search results more. 

2.5. Model Prediction 

After the model is trained, it can be predicted according to 

the divided test set. 

2.6. Result Analysis 

After the prediction, we will compare and analyze the 

results of the selected models. When analyzing the results, we 

need to evaluate the quality of the model through a variety of 

evaluation indicators. After a lot of literature research, 

summed up the evaluation index of the regression model we 

often use: 

Mean Absolute Error (MAE)  

1

1
( ) ( )

n

n

t

MAE y t y t
=

= −  

where the actual value is  ( )y t  , the predicted value is 

( )y t . 

Mean SquareError (MSE) 

( )
2n

1

1
( ) ( )

n t
MSE y t y t

=
= −  

where the actual value is ( )y t  , the predicted value is 

( )y t . 

Root Mean Square Error (RMSE) 

RMSE MSE=  

The root mean square error is the square root of the mean 

square error. 

Coefficient of Determination (R2) 
2 = / 1 /R SSR SST SSE SST= −  

where the sum of total squares is SST  , the sum of 

regression squares is SSR , and the sum of residual squares 

is SSE . 

2.7. Other Analysis 

After evaluating the model, we can also conduct other 

visual analysis of the optimal model and data based on the 

existing artificial intelligence technology, so as to find out the 

characteristics that have the greatest impact on the model, that 

is, the greatest factor affecting oil and gas production. It can 

also analyze how the selected features affect the model or 

production, so as to give developers some opinions.  

1)Feature importance  

This is a way to score the features (independent variables) 

of the model input, and then show the contribution of each 

feature (independent variable) to the model when the model 

is trained and predicted. Feature importance analysis can 

make us better understand our data sets. Through the analysis 

of feature importance, we can clearly determine which feature 

contributes more to the prediction of the model, which 

contributes less to the model, or even close to zero. For 

features that are close to zero or contribute too little compared 

to other features, we can choose to discard such features to 

optimize the model, speed up the training of the model, and 

improve performance. There are three main sources for 

obtaining feature importance:  

2)Characteristic importance coefficient 

First, a model is fitted, and then the coeff-attribute of the 

model is output. This attribute contains the coefficients found 

for each feature, and these coefficients can roughly determine 

the importance of the feature.  

3)Feature importance based on decision tree model 

In various models based on decision tree, such as random 

forest, extreme random forest, etc., there is an attribute feature 

_importance, which contains the importance information of 

all features.  

4)Random sorting feature importance 

This method is suitable for models that do not support the 

importance of output features, so it is independent of the 

model used. We can use the permutation _importance () 

function to randomly sort the output of feature importance. 

5)Interpretability analysis 

Using this analysis method, the influence relationship 

between the input parameters of the model and the prediction 

of the model can be analyzed, which provides a basis for the 

improvement of the model and parameter optimization. 

Common interpretability analysis methods are SHapley 

Additive exPlanations, Partial Dependence Plot and 

Individual Conditional Expectation Plot. 

6)Sample size analysis 

Sample size analysis can draw a line chart of the impact of 

sample size on the model prediction results, so as to determine 

whether the sample size we selected when training the model 

is the best amount, and the trend of sample size on the model. 

3. Conclusion 

After a lot of literature research and analysis, the basic 

process and technical means of oil and gas production 

prediction based on machine learning are summarized. At the 

same time, it can be seen from the process that compared with 

the traditional prediction method, machine learning in 

artificial intelligence has better advantages and practical 

value in oil and gas production prediction. 

Firstly, the modeling speed of oil and gas production 

prediction model based on machine learning is faster than that 

of traditional methods, and has higher accuracy.  

Secondly, the oil and gas production prediction model 

based on machine learning has a variety of data processing 

methods, and has a fast processing speed, which can greatly 

reduce the noise of the data and improve the training speed of 

the model.  

Finally, in the analysis of the results, machine learning 

provides a lot of visual analysis, which not only allows us to 

better understand the prediction of the model, but also 

provides development suggestions for developers, and even 

improves oil and gas production. 

In summary, it is feasible and efficient to use machine 

learning to predict oil and gas production. 
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